Gene expression is commonly used to study the activation of dendritic cells (DCs) to identify proteins that determine whether these cells induce an immunostimulatory or tolerogenic immune response. RNA expression, however, does not necessarily predict protein abundance and often requires large numbers of experiments for statistical significance. Proteomics provides a direct view on protein expression but is costly and time consuming. Here, we combined a comprehensive quantitative proteome and transcriptome analysis on a single batch of immature and cytokine cocktail matured human DCs and integrated resulting data sets at the pathway level. Although overall correlation between differential mRNA and protein expression was low, correlation between components of DC relevant pathways was significantly higher. Differentially expressed proteins and genes partly mapped to identical but also to different pathway components demonstrating that RNA and protein data not only supported but also complemented each other. We identified 5 dominant pathways, which confirmed the importance of cytokines, cell adhesion, and migration in DC maturation and also indicated a fundamental role for lipid metabolism. From these pathways we extracted novel maturation markers that might improve DC vaccine design. For several of the candidate markers we confirmed widespread significance examining DCs from multiple individuals, underscoring the validity of our approach. We conclude that integration of different but related data sets at the pathway level can significantly increase the predictive power of multi "omics" analyses.
Introduction
Dendritic cells (DC) are professional antigen presenting cells that link innate and adaptive immunity. 1 DCs are able to identify and ingest pathogens, apoptotic or infected cells, as well as malignant cells. They degrade the ingested material and present resulting antigenic fragments via major histocompatibility complexes (MHC) to T cells to induce an adaptive immune response. 2 Therefore, DCs are central players in the immune response and depending on their maturation and activation state they determine the final outcome of the immune response, which can be either tolerogenic or immunogenic. 3 The exact nature of the immune response is dictated by signals from the ingested material that are recognized by the DC but also by cytokines derived from other infected cells. 4 Such signals drive DC maturation by altering its cytokine and surface protein expression and by triggering its subsequent migration from the periphery to the lymph node where it can interact with T and B cells. The huge and complex cellular changes that are associated with DC maturation take place in no more than 48 h and are determined by the integrated signals from among others cytokine-and chemokine-receptors, pathogen recognition receptors, endocytic receptors and adhesion receptors. This ensemble of signals then leads to specific DC gene and protein expression profiles.
The central role of DC in the initiation of immune responses and their ability to induce immunity as well as tolerance is currently exploited to fight certain types of cancer and infectious diseases or to prevent autoimmunity and transplant rejection respectively. [5] [6] [7] Further development of these therapies however requires fundamental knowledge on factors that hold the crucial balance between immunity and tolerance and thus determine DC function. To this end, the DC maturation process has been studied in great detail using large scale RNA microarray chips. 8 Due to lack of reproducibility and interindividual genetic variation however, large numbers of replicates are required for the discovery of predictive markers. Increasing the number of biological replicates, although still essential to assess interindividual variation, is not the only way to get more reproducible information out of large (mRNA) data sets (refs 9 and 10 and references therein). Rather, methods to extract more general information on affected processes or biological pathways may improve the comparability of data sets. 10 Similarly, combining data on multiple levels (e.g., mRNA and protein) from one biological sample at the pathway level may bring forward processes that are affected the most and in this way improve the reliability of general information obtained from that sample.
It is well known that mRNA expression not necessarily reflects actual protein expression because transcripts can be translational nonactive, protein and RNA may differ in stability, or proteins are regulated by post-translational modifications rather than transcriptional ones. Proteomics, on the other hand, measures proteins directly but is more laborious and resource demanding, preventing elaborate analysis of multiple technical and/or biological replicates by most research groups. Nonetheless, several groups have attempted to study changes in the DC proteome directly [11] [12] [13] [14] by identifying protein spots on 2D gels. Due to the limitation of the methods used, however, these studies have so far encompassed expression data of only tens to hundreds of the most abundant proteins or were restricted to partial proteomes of plasma membrane or cytoplasm only. 13, 15 In this study, we have assessed the protein state of human cytokine matured DCs (currently the most widely applied maturation procedure in antitumor immunotherapy 6 ), by comprehensive quantitative proteomics. Simultaneously, we analyzed the transcriptome of the same batch of cells that was analyzed by proteomics, allowing not only a direct assessment of the correlation between changes in transcription and protein expression but also combination of these complementary data sets to extract biological relevant information. Using integrated pathway analysis we identified 5 pathways that changed significantly in RNA as well as protein expression. Significant enrichment of most established markers of DC maturation within the identified pathways in multiple donors validated that we were able to extract relevant information on DC maturation from as little as one biological sample. We demonstrate that integration of different but related data sets at the pathway level significantly increases the predictive power of multi "omics" analyses.
Materials and Methods
Cells. For proteomics and microarray analysis dendritic cells were ex vivo generated under serum free conditions from isolated monocytes according to a slightly modified method as described previously. 16 In short, Peripheral blood mononuclear cells were isolated from the blood of a healthy donor with informed consent by leukaphereses, from which monocytes were extracted using the Elutra system. For differentiation of monocytes to dendritic cells, cells were cultured for 6 days in Cellgro medium (CellGenix, Freiburg Germany) supplemented with IL-4 (300U/ml) and GM-CSF (450U/ml) (both from Strathmann, Hamburg Germany). DC were cultured for 8 days (immature DC) or for 6 days followed by two days in differentiation medium, Cellgro (CellGenix) supplemented with recombinant TNFR (10 ng/mL; CellGenix), IL-1-(5 ng/mL; Immunotools, Friesoythe, Germany), PGE 2 (10 µg/mL; Pharmacia & Upjohn, Puurs, Belgium) and IL-6 (15 ng/mL; Cellgenix) to obtain mature DC. At Day 8 both immature and mature DCs were detached using icecold PBS and taken up in RNeasy (Qiagen) lysis buffer (RLT) for RNA analysis and for proteomics in homogenization buffer (20 mM Hepes (Roche) pH 7.5, 250 mM sucrose (Baker, Deventer, The Netherlands) and complete protease inhibitor cocktail (Roche)).
For flow cytometric analysis, monocytes were isolated from a buffy coat obtained from healthy volunteers with informed consent according to institutional guidelines. Monocytes were isolated from peripheral blood mononuclear cells (PBMC) by adherence in RPMI 1640 (Invitrogen life Technologies) containing 2% Human Serum, as described previously. 17 Adherent monocytes were subsequently differentiated in the presencese of 450 U/ml GM-CSF and 300 U/mL IL-4 (both from Strahtman, Hamburg, Germany) that was added to either RPMI 1640 containing 10% Fetal Calf Serum (FCS), 100 U/mL antibioticantimycotic (Invitrogen), 10 mM Ultraglutamine or to Cellgro medium supplemented with 100 U/mL antibiotic-antimycotic. After 6 days cells were matured with either cytokine cocktail (see above), a combination of R848 (4 µg/mL) (Alexis biochemicals) with Poly I:C (20 µg/mL, Sigma), or a combination of Dexamethasone (100 nM, Sigma) and IL-10 (100 U/mL, Dynax), for 48 h.
Flow Cytometric Analysis. At day 8 cells were detached using cold PBS, fixed in 4% Paraformaldehyde, permeabilized using 0.1% Saponin in PBS, 0.5% BSA and immunostained with antibodies against CCR7 (Clone 150503, R&D Systems), ICAM-1 (clone rek-1), CXCR4 (clone 2B11, BD Biosciences), CD36 (clone TR9, Biolegend), CD40 (clone MAB89, Beckman Coulter), JAM-1 (clone BV16, a kind gift from Dr. Dejana, Milan, Italy), CD274 (clone MIH1, BD Biosciences), CD31 (clone WM59, BD Biosciences). Cells were analyzed on a FACS Callibur (Beckton Dickinson) and obtained flow cytometric data were analyzed with WinMDI Software.
RNA Analysis. RNA was extracted with an RNeasy kit (Qiagen). Sample preprocessing and biotin labeling were performed using the Affymetrix GeneChip HT One-Cycle Target Labeling and Controls Kit (Affymetrix) according to the manufacturer's protocols. Labeled samples were then hybridized on Affymetrix GeneChip HG U133 Plus 2.0 Arrays, and scanned according to the manufacturer's instructions on a GeneChip Scanner 3000 (Affymetrix).
Transcriptome Data Analysis. CEL files were preprocessed and normalized with the Robust Multiarray Average (RMA) 18 procedure, in order to obtain absolute-scale expression levels for all genes, using custom chip definition files (CDFs) to update the annotation of the GeneChips, removing duplicate probes and mapping all probes to single Entrez Gene IDs, as previously described by Dai et al. 19 The computation was performed with the RMAExpress program, version 1.0 beta 10 (http://rmaexpress.bmbolstad.com), on the Linux operating system. Microarray data were filtered to exclude probes whose intensity was less or equal to the background in at least 30% of the arrays. The operation was performed with the aid of oneChannelGUI, a program part of the Bioconductor suite (http://www.bioconductor.org).
Sample Preparation for Proteomics. 10 8 immature or mature DC were homogenized by 3 cycles of freeze/thawing in 500 µL homogenization buffer (above) and subsequently fractioned into a soluble and insoluble fraction by centrifugation for 10′at 14 000 in an Eppendorp Centrifuge. Samples from 5 × 10 5 dendritic cells were complemented with 1/5th volume 5× Leamli sample buffer containing -mercaptoethanol (Sigma) and loaded onto an 4-20% gradient TRIS/Bis Ready Gel(Biorad). After electrophoreses, protein gels were stained using the Novex colloidal blue staing kit (Invitrogen) and cut into 10 slices per cellular fraction. Gel slices were treated with dithiothreitol (DTT) and iodoacetamide and digested by trypsin as described before. 20 Digested samples were acidified to a final concentration of 0.5% HAc and purified by STAGE tips.
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Liquid Chromatography Tandem Mass Spectrometry. Peptide sequencing experiments were performed using a nano HPLC Agilent 1100 flow system connected online to a 7-T linear ion trap ion cyclotron resonance Fourier transform (LTQ-FT) mass spectrometer (Thermo Fisher, Bremen, Germany). Digested samples were measured up to three times to increase the number of low abundant protein identifications. Peptides were separated on a 15 cm 100 µm ID PicoTip columns (New Objective, Woburn, MA) packed with 3 µm Reprosil C18 beads (Dr. Maisch GmbH, Ammerbuch, Germany) using a 90 min gradient from 12% buffer B to 40% buffer B (buffer B contains 80% acetonitrile in 0.5% acetic acid) with a flow-rate of 300 nL/min. Peptides eluting from the column tip were electrosprayed directly into the mass spectrometer with a spray voltage of 2.0-2.2 kV. Data acquisition with the LTQ-FT instrument was performed in a data-dependent mode to automatically switch between MS and MS2. Full-scan MS spectra of intact peptides (m/z 350-1500) with an automated gain control accumulation target value of 1.000.0000 ions were acquired in the Fourier transform ion cyclotron resonance cell with a resolution of 50.000. The four most abundant ions were sequentially isolated and fragmented in the linear ion trap by applying collisionally induced dissociation using an accumulation target value of 10.000, a capillary temperature of 100°C, and a normalized collision energy of 27%. A dynamic exclusion of ions previously sequenced within 180 s was applied. All unassigned charge states and singly charges ions were excluded from sequencing. A minimum of 500 counts was required for MS2 selection.
Peptide Identification by MASCOT Database Searches. RAW spectrum files were converted into a Mascot generic peaklist by DTA supercharger v1.18 (www.msquant.sourceforge.net). Proteins were identified by searching peak lists containing fragmentation spectra with Mascot version 2.1 (Matrix Science) against a local version of the human International Protein Index (IPI) database version 3.25 (ftp://ftp.ebi.ac.uk/pub/databases/ IPI/) that contains 67250 protein entries. A reversed protein sequence database was searched to determine the falsediscovery rate of protein identifications. The reversed protein database was created by the decoy.pl script provided by Matrix Science (http://www.matrixscience.com/help/decoy_help. html). Mascot search parameters for protein identification specified an initial mass tolerance of 30 ppm for the parental peptide and 0.5 Da for fragmentation spectra and a trypsin specificity allowing up to 3 miscleaved sites. Carbamidomethylation of cysteines was specified as a fixed modification, and oxidation of methionine, deamidation of glutamine or asparagine were set as variable modifications. Modification sites were determined by the PTM scoring algorithm from the MSQuant v 1.31 software package (www.msquant.sourceforge. net). Internal mass calibration of measured ions was also performed with MSQuant, that resulted in a an average peptide recalibrated mass accuracy of 3.23 ppm with a final absolute recalibrated mass tolerance for the parental peptide of 10 ppm. We accepted only multiple charged peptides with precursor masses larger than 350 and a minimal Mascot peptide score of 22. Reverse database searches revealed no false-positive identifications for proteins identified by 3 or more nonredundant peptides by these criteria. More stringent criteria were required to identify proteins sequenced by one or two peptides with high confidence. A false-discovery rate of 0.26% was determined for proteins identified by 2 unique unmodified peptides, and a false-discovery rate of 0.75% was obtained for proteins identified by 1 unmodified peptide with a peptide cut off score of 40, and a Mascot peptide delta score> 10. To unambiguously map a peptide sequence on a protein sequence, peptides were remapped to proteins of IPI database version 3.25 using the program Protein Coverage Summarizer (http:// ncrr.pnl.gov/software/). Peptide and protein lists are provided as Supporting Information. Conversion of IDs (IPI to Entrez IDs) was performed with the biomaRt Bioconcuctor package.
emPAI Analysis to Determine Protein Abundance Profiles. Human DC differentiated from monocytes in vitro do not divide and therefore metabolic labeling methods for quantitative mass spectrometry cannot be used. As an alternative, we used a peptide counting method first described by Mann and colleagues (exponentially modified protein abundancy index EmPAI) 22 ,23 that does not rely on labeled samples for quantitative analysis. To determine protein abundance values in our samples, validated mass spectrometric data was quantified by the computation of emPAI values for all proteins. EmPAI values were calculated according to the formula:
The number of "observable" peptides per protein was calculated from the output of the program Protein Digestion Simulator (http://ncrr.pnl.gov/software/), which computes peptide masses and hydrophobicities of simulated digests of protein databases. EmPAI values were calculated for proteins detected in all individual gel slices measured in triplicate. Normalization between runs was performed on the mean emPAI value of the 11 most abundant proteins detected in DCs, resulting in an overall Coefficient of Variation of 0.292. This normalization method performs the best (lowest CV) in the methods we tested, that were based on either total, median or mean intensity of all proteins (data not shown). For those proteins that were only detected in either immature or mature DCs, a minimal EmPAI value was calculated for missing data based on the assumption that 1 peptide was detected, allowing us to calculate a ratio corresponding to the minimal effect (thus underestimating the real effect).
Calculation of Overlap between Proteome and Transcriptome. Venn diagrams, to display overlaps among expression and protein data, were drawn using the limma package.
Comparisons between proteomics and transcriptomics data were performed either using the full transcriptomic and proteomics data, or only with genes (or proteins) with a fold change of 2 or greater. Likewise, an identical approach was used with the results of pathway analysis (see below), including either all entities (genes and proteins) or only the ones with a fold change of 2 or greater. All the computations were performed using the R programming language. Correlation Analysis. Pearson's correlation was calculated between the transcriptomic and proteomics data using the R programming language (corr and corr.test functions). The calculation of the correlation coefficient r was done using the following formula:
Selection of the Pathway Set. To identify biologically meaningful changes in our data sets, we built a pathway set, result of a curation by experts of the DC-THERA European Network of Excellence. Out of the 1038 human pathways available, a selection process was performed in order to identify the most relevant pathways from an immunological point of view. The result was a set of 29 pathways collected from the KEGG and Reactome public databases, which satisfied those criteria.
Pathway Analysis. Eu.Gene 24 was used to perform the analysis on the selected pathway set using the Fisher's Exact Test (FET) 25 as the analysis algorithm. As an alternative also the Functional Annotation web tool David (http://david.abcc. ncifcrf.gov/) was used to calculated EASE scores (a modified one-tailed fisher exact test 26, 27 (Table S5 , Supporting Information).
Fisher's Exact Test. Treated and untreated sample data were separated, and the expression level of each gene in each treated sample was divided by the expression level of the same gene in the corresponding paired untreated sample, and the resulting ratio was log 2 transformed, obtaining a list of log 2 ratios for each gene in each treated sample. The transformed expression data were then used for Fisher's Exact Test. Ratios originating from proteomics data (see above) were used directly for the analysis without any transformation. The upper and lower cutoffs for FET were determined from the 2σ interval of the binomial distribution of expression values. 28 The FET p-value for each pathway was calculated as where S is the number of genes that the calculated pass the cut-offs, F is the number of genes that do not pass the cutoffs, N is the total number of genes in the array, P is the number of genes that belong to the pathway, and NP is the number of genes that do not belong to it. The algorithm was then run using the hypergeometric distribution without approximation. Each pathway was associated to a signed p-value and a matrix of signed p-values for all samples was obtained for each data set. To provide a correction for multiple testing, p-values were adjusted following the procedure by Benjamini et al. 29 Data Deposition. RNA microarraydata is deposited at ArrayExpress (http://www.ebi.ac.uk/microarray-as/ae/; accession number E-MEXP-2290) and proteomics data is deposited at Human Proteinpedia (http://humanproteinpedia.org; 30 accession numbers *HuPA_00661* (for immature DC) and *HuPA_00662* (for mature DC).
Results
From immature DCs and cytokine cocktail (Il-1b, TNF-a, IL-6, PGE2) matured human monocyte derived DCs we obtained expression information for more than 16 000 genes at the RNA level and for 2695 genes at the protein level (Tables S2-S4 , Supporting Information). Because our main focus is to improve the extraction of reproducible information from immature and mature DCs from a single donor by integrating different types of information, we did not retrieve data from biological replicates and expression ratios were thus left without calculation of significance at the single gene or protein level. Calculations however were performed using stringent statistical criteria to ensure highest data quality (see Methods) and most important biological information was ultimately verified on DCs from multiple individuals (below) to ensure widespread significance.
At first glance, changes in expression in both data sets were consistent with known maturation markers and with the notion that during maturation DCs switch from a sensory state toward a migratory and finally T cell stimulatory state: Expression of migration factor CCR7 and T cell-stimulatory factors CD40 and ICAM-1 (CD54) were up-regulated while expression of endocytic receptors that included DC-SIGN (CD209) and CD36 was down-regulated (Table S2 , Supporting Information). Overall, the majority of proteins and mRNAs decreased in expression after the induction of maturation. A specific subset however, containing among others proteins involved in T cell stimulation, was up-regulated suggesting "end point" specialization of the DCs by aborting the expression of proteins no longer needed upon maturation and reorienting synthesis on those proteins needed to perform the specific function of mature DCs (i.e., migration and antigen presentation).
Our proteomics data identified peptides and proteins that were mapped to the human International Protein Index (IPI) protein database whereas genes of our transcriptomics data were mapped to Affymetrix probe identifiers (IDs) by a proprietary identification system that maps to well-known international standards for transcript identification. To directly compare transcription data with proteomics data, conversion to a common ID was required for which we chose the widely used Entrez gene ID. 19 We obtained 16 383 Entrez IDs for the microarray data and 2638 Entrez IDs for the proteomics data, of which 2480 were shared between RNA and protein data sets and could thus be directly compared (Tables 1 and S4 , Supporting Information). To quantify the proteomics data, we used the recently developed label free exponentially modified Protein Abundance Index (emPAI) method. 22, 23 To assess covariation we calculated the Pearson correlation between the gene and protein expression ratio's for mature versus immature DCs of the 2480 IDs corepresented in both data sets and found a relatively low correlation coefficient (0.38). This is not unexpected as mRNA expression in time precedes protein expression and in addition protein and corresponding mRNA molecules may have a very different turnover. Nonetheless, we expected that for a large number of proteins important for DC function 48 h after the induction of maturation, protein expression is maintained at high levels by continuous mRNA transcription. Indeed, we found 283 genes that are coregulated at the mRNA and protein level to be differentially expressed into the same direction (up or down; Figure 1 ; Table S4 , Supporting Information). Excluded in Figure  1B are 44 proteins whose expression was oppositely regulated with respect to gene expression (17 up and 27 down in protein expression (Table S4 , Supporting Information)).
Obviously, in the absence of biological replicates single gene analysis will likely not have much predictive power. Therefore, we next focused at the coherency between mRNA and protein changes at the level of biological pathways to obtain a more general comparison of mRNA and protein data with respect to processes affected during DC maturation. We determined the correlation between differentially expressed proteins and genes for the grouped components of preassembled publicly available pathways. We anticipated that for elements of pathways important for DC function 48 h after maturation, the correlation between mRNA and protein expression changes might be higher than the overall correlation (elements not grouped in pathways), since these pathways likely contain many differentially expressed elements. Vice versa, the correlation of less important pathways is expected to be low because these will only contain elements that are not changed at all (clustering Cytokine-cytokine receptor interaction 1.6 × 10 a All DC relevant pathways with a significant correlation between RNA and protein expression changes are shown (p < 0.05). Those pathways that were significantly enriched in changes at both the RNA and protein level (RNA p < 0.01 and protein p < 0.1) are listed in bold.
together in a correlation plot) or are uniformly down-regulated as a result of "end point specialisation". We thus calculated Pearson correlation coefficients for all biological pathways annotated in the Kegg database and for those selected as "relevant" for dendritic cell function by the DC-ATLAS working group in the DC-THERA consortium (http://www.dc-thera.org/; Table S5, Supporting Information). As expected, the Pearson correlation coefficient for the total of elements belonging to the grouped biological pathways relevant for DCs was indeed improved (0.55) compared to the complete set of pathways (0.44) although this difference was not significant. However, for some pathways the correlation was extremely high (0.97; see Table 1 ). Such high correlations were not likely found by chance as we determined by calculating the correlation of random, similarly sized groups of elements from our data set. (Tables 1 and S5 and Figure S1 , Supporting Information). These findings indicate that after 48 h of maturation, DC relevant pathways are more regulated by transcriptional control than pathways less important to DC maturation at this time point.
Next, for all DC relevant pathways with a significant correlation (p < 0.05), we calculated the relative amount of differentially expressed genes or proteins by pathway enrichment analysis, using either the Functional Annotation web tool David (http://david.abcc.ncifcrf.gov/) or the novel Eu.Gene software. 24 The latter tool also provides a statistically valid p-value with a positive or negative value to indicate the direction of change (Note: This sign preceding the p-value is not intended to imply anything on the statistical value, that is indicated by the p-value alone). Fisher exact tests (FET) performed with both programmes essentially yielded similar results (Table 1 and Table S5 , Supporting Information), although results with Eu.Gene were statistically more significant because it allows restriction of multiple-testing correction to the number of actual pathways tested. Exploiting these methods we were able to select 5 major pathways (Table 1) , sustained by active transcription and affected significantly at both protein and RNA level, representing the dominant cellular processes that determine function and activity of DCs 48 h after providing maturation stimuli.
The 5 pathways we identified represented: "Toll like receptor signalling (TRS)", "Cytokine-cytokine receptor interaction (CCI)", "Cell adhesion molecules (CAM)", "Leukocyte Transendothelial migration (LTM)", and "PPAR signalling (PPAR)". The first two pathways contained relatively more up-regulated genes and proteins, whereas the latter three contained more down-regulated components (Tables 1, 2 , and S6, Supporting Information). That this combination of protein and RNA data sets at the pathway level very efficiently guided us to the most 
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important processes for DC maturation is clearly illustrated by the presence of most established maturation markers within these 5 pathways (e.g., CD83, CD86, HLA I and II, CCR7, ICAM-1 and others; Table 2, Table S6 , Supporting Information and ref 31) . To demonstrate this in a more quantitative manner, we used a "maturation marker set" that we extracted from a well cited review on DC characteristics in immunotherapy composed of 20 markers (Table S7 , Supporting Information and ref 31) . We tested whether this marker set was indeed enriched in the 5 selected pathways relative to the whole data set and found the marker set to be 30 fold enriched (p < 0.001), a value that could never be obtained using either RNA (16-fold enrichment) or protein data (7 fold enrichment) alone (Table S8 , Supporting Information). By combining RNA and protein data sets we are thus able to select more precisely pathways containing DC maturation markers. The content of these pathways now provides a novel rich data source for extracting potentially important new marker proteins to monitor DC quality for immunotherapy.
So far these analyses allowed selection of the most important pathways, but we cannot determine whether the individual differentially expressed elements within these pathways are the same for RNA and protein. The correlation analysis only takes into account those elements present in both data sets, whereas the pathway enrichment analysis only takes into account the number of differentially expressed elements but not their origin. To, reveal to what extent proteomics and microarray data only support or also complement each other, we thus analyzed the selected pathways in depth at the individual gene and protein level. While most pathway elements identified at the protein level were also supported by gene expression regardless of the pathway they belonged to, this was as can be expected due to the much lower number of proteins detected, often not the case for elements identified at the gene expression level ( Figure  1) . We observed that, for the 5 pathways associated with DC maturation, changes were also to a variable extend restricted to protein expression. Only for the CCI pathway almost no differential expression was detected uniquely at the protein level. For the other pathways on the other hand, several unique protein expression changes were found. In these cases, the significant pathway enrichment calculated with Eu.Gene (the FET p-value) thus relied also to a large extend on unique differential protein expression changes occurring in both gene and protein expression (Figure 1 and Table 1 ). Therefore, by combining RNA with protein expression data we gained information on additional pathway elements. To appreciate overlapping and uniquely expressed elements also in the pathway context we, as an example, visualized differential RNA and protein expression within the TRS pathway ( Figure S2 , Supporting Information).
So far, at the pathway level we compared RNA and protein expression on cells from one single human healthy donor. At the single protein level our integrated "omics" analysis however does not compensate for variations in expression between donors. To validate our most important findings, we next performed flow cytometric analyses and measured expression levels of specific proteins on DCs derived from several healthy individuals (Figure 2) . We selected proteins from the 5 pathways identified that showed differential expression both at the RNA and the protein level after DC maturation and may therefore be regarded as potential novel maturation markers. In order to detect total protein levels and allow comparison to the whole cell with protein expression data obtained by proteomics, we used fixed and permeabilized cells. The flow cytometetric analysis was in complete agreement with proteomics data of Jam-1, CD274 (PD-L1) and CD31 (PECAM-1). As a positive control we also selected one well-defined marker for every selected pathway important for DC maturation (Figure 2 ) and again flow cytometry confirmed differential protein expression levels as determined by proteomics of CCR7, CD40, CXCR4, ICAM-1 and CD36.
Finally, to determine whether these potential novel marker proteins are indeed associated with DC maturation and activation, we compared alterations in expression levels resulting from treatment of DCs with the clinically used cytokine cocktail, but also with different maturation stimuli; a potent immunogenic Toll Like Receptor (TLR) stimulus (Poly I:C combined with R848) and a potent tolerogenic stimulus (Il-10 combined with dexamethasone). As expected TLR stimulation changed expression of conventional maturation markers ICAM- 1, CD40 and CD36 similar to cytokine-induced maturation ( Figure 3 ). Tolerogenic stimulation of DCs had no or even opposite effects on these markers. CCXR4 and CCR7 expression levels increased less upon TLR stimulation like reported before. 32 The potential novel maturation markers CD274 and CD31 behaved similarly when comparing the TLR ligand stimulated DC with the cytokine cocktail matured DCs. Jam-1 on the other hand responded similar to CCR7 and CXCR4 and was hardly affected when DCs were exposed to the potent immunogenic TLR stimulus. This indicates that the increased expression of the latter protein seems more specific for cytokine matured DCs. Additional experimental work beyond the scope of this paper is now required to precisely link the novel markers to immunity or tolerance.
At the same time, we also tested whether the observed effect was specific for cells grown in serum free medium, the "clinical grade" culture condition for the cells analyzed by proteomics and transcriptomics, or also applied to more commonly used culture conditions, in medium supplemented with fetal calf serum. We found no differences between culture conditions tested ( Figure 3) .
Taken together, the flow cytometric analysis fully supports pathway based integrated analysis of changes in the DC proteome and transcriptome, demonstrating that the identified pathways may serve as valuable resources for the identification of novel marker proteins to guide immunotherapy.
Discussion
To the best of our knowledge we present for the first time a comprehensive genome-wide expression analysis of human DC maturation on gene and protein level. Previous studies addressing quantitative protein level changes induced by human DC maturation were restricted to those proteins that could be extracted from 2-D SDS gels or that were derived from either the plasma membrane or from cytosol only. [11] [12] [13] [14] [15] These methods yielded quantitative information on a much smaller number than this study. By exploiting the label free quantification method emPAI 22, 23 we are now able to obtain quantitative information of more than 2600 proteins which we supplemented with mRNA expression data of over 16 000 genes.
To extract the most relevant information for DC maturation from this large amount of protein and mRNA data, we used the concept that genes rarely act alone but rather together drive cellular processes to establish DC function. Coordinated regulation of groups of genes may be equally or even more important than changes in expression of one single gene or protein, especially when comparing intrinsically different data sets. 10 At the mRNA level, data sets of comparable biological samples gathered in different laboratories, using various array platforms or analyzed with different statistical methods, may at a single gene level often seem dissimilar but show similar functionality at the pathway level. 10 We here demonstrate that this now also holds for the comparison of protein and mRNA expression data.
When all overlapping gene IDs between transcriptome and proteome were taken into account mRNA and protein correlation was rather poor, as also observed in other comparative studies. 33 These inconsistencies between data sets may be explained by differences in timing or stability of protein with respect to mRNA, repression of mRNA translation, or by effects of posttranscriptional regulation. The low correlation may also be a consequence of the end point specialization of the DC after maturation, resulting in data sets biased for down regulation. We found that correlation between transcription and proteomics data improved considerably by focusing the analysis on elements of preassembled publically available pathways describing DC relevant processes indicating most important pathways are more regulated by transcription. Further selection based on the assumption that most important pathways should contain a significantly higher number of differentially expressed proteins as well as genes, resulted in 5 pathways that contribute most to DC maturation 48 h after the initiation of maturation.
Four out of the five pathways that matched our selection criteria describe processes that can be easily recognized as hallmarks of maturing DCs. 1, 34 LTM and CAM pathways describe events required for migration from peripheral tissues to draining lymph nodes during which DC associate with cells (e.g., endothelium and other immune cells) and the extracellular matrix. These two pathways contain some overlapping proteins, which is not unexpected since they describe closely related processes that are connected in time and space. This also true for the TRS and CCI pathways, that both describe signaling events affected by the cytokine cocktail used to mature the DC and their responses to other cell surface receptors and cytokine secretion respectively, ultimately driving T cell stimulation and T cell skewing (e.g., Th1/Th2/Th17/Treg).
Our analysis also shows that elements of the PPAR signaling pathway alter significantly upon DC maturation. One of the nuclear receptors central to this pathway, PPARγ, acts as a sensor for fatty acids and controls lipid storage and adipocyte differentiation. 35 PPARγ was recently shown to be involved in immune regulation, providing a possible link between diet and the immune system. [36] [37] [38] [39] During differentiation of monocytes to DCs in vitro PPARγ expression is induced and expressed PPARγ can subsequently be activated by serum derived ligands, thereby promoting changes in expression of genes related to both immune response and lipid metabolism. 40 Our results indicate that cytokine stimulation may in part counteract the effects of PPARγ, possibly trough the action of TNF-R that is present in the cytokine cocktail. 41 Although no protein expression was detected for PPARγ, we found its RNA expression to be down-regulated. In addition, for many genes shown to change in response to PPARγ activation during DC differentiation 40 we now observed an opposite effect on gene and/or protein expression as a result of DC maturation, further suggesting maturation leads to reduced PPAR activity. We observed a decrease rather than an increase in proteins involved in adhesion (LFA-1, CD43) lipid uptake and metabolism (CD36, FABP4, ME) and an increase instead of a decrease for metalloproteases (MMP1, MMP10 (RNA only)) and several immune related proteins (CD274, CD39, CCR7). Our results suggest that DC maturation causes significant alterations in lipid uptake, metabolism and distribution. From the many players implicated in the PPAR signaling pathway it is at this point difficult and beyond the scope of this paper to dissect the precise nature of the changes as well as their relation to DC immune function.
The selected pathways were found to be highly enriched for established marker proteins currently used to monitor DC maturation (Supporting Information, www.kegg.com and refs 1, 2 and 31) but also contain many proteins with currently unknown function in DC maturation implicating that these pathways potentially can be used to extract novel prognostic factors for DC function. Inititial flow cytometric analysis of DCs from multiple individuals indeed clearly confirmed differential expression of the three potential novel marker proteins PD-L1 (CD274), CD31 and JAM1. Together with the significant enrichment of well-known markers in the selected pathways this further demonstrates that our results obtained with cells from a single donor are of general use.
All three potential marker proteins could have important implications for DC migration and DC induced T cell activation. First our data indicate that both the cytokine cocktail and TLR ligands but not tolerogenic stimuli dramatically upregulates PD-L1 expression in DCs. The programmed death ligand-1 (PD-L1 or CD274) has been reported as constitutively expressed on a variety of immune cells including human and mouse DCs, and in some cells the expression level can be increased in response to IFN-R and IFN-γ. [42] [43] [44] Neither the response to our cytokine cocktail nor the response TLR stimuli, however, has yet been documented for human monocyte derived DC. PD-L1 on DCs can bind to either PD-1 or B7.1 on T cells and binding of PD-L1 to both receptors has been shown to inhibit T cell cytokine production, although T cells stimulatory effects have also been reported. 45, 46 The expression on DC could thus potentially directly affect T cell activation and both favor and hamper antitumor immune responses. Second, the homophilic adhesion molecules CD31 (also known as PECAM1) is expressed on most cells comprising and filling the vascular space but was not yet described on DCs. Several studies report a decrease in expression on leukocytes transmigrating into inflamed tissue or lymph nodes (reviewed by 47 ) suggesting its absence on mature DCs could be in favor of migration. Finally, we confirmed the maturation induced upregulation of the adhesion molecule JAM-1. Interestingly Jam-1, similar to CCR7 (this paper and ref 32) is efficiently expressed when cells are matured using the clinical grade cytokine cocktail but less expressed by a potent TLR stimulus suggesting that its expression is not associated to DC maturation in all cases. JAM-1 expression is mainly reported on endothelial cells and leukocytes. Like CD31, Jam-1 is able to engage in homotypic interaction but is also a ligand for LFA-1 on leukocytes. 48 To date there are no reports on Jam-1 expression in human DCs but Jam-1 expression on murine DCs was found negatively associated with migration of DCs to the secondary lymphoid organs. 49 In conclusion it will be interesting to study the role of all three candidate marker proteins in DC migration and T cell stimulation and finally to assess how their expression on DCs used for antitumor vaccination relates to clinical outcome.
Conclusions
We here show that pathway based integration of transcriptome and proteome is a viable approach to develop novel DC maturation markers. Our data demonstrate that the integration of large scale expression data from different sources at the pathway level can be used to increase the predictive power of multi "omics" analysis. We propose this method can serve as an alternative or in supplement to increasing the number of biological replicates.
Abbreviations: DC, dendritic cell; IPI, international protein index, ID, identifier; emPAI, exponentially modified protein abundance index; FET, Fischer exact test; TRS, toll like receptor signaling pathway; CCI, cytokine-cytokine receptor interaction pathway; CAM, cell adhesion molecules pathway; LTM, leukocyte transendothelial migration pathway; PPAR signaling pathway; TLR, toll like receptor. Tables S1-S8 and Figures S1 and S2. Table S1 : Peptide identifications. Detailed lists of peptides and proteins identified from of immature and mature DCs. Table S1a : peptides from immature DCs. Table  S1b : peptides from mature DCs. Table S2 : Protein expression changes after DC maturation. Detailed list of all identified proteins with emPAI values and ratio's designated "detected"of the protein was detected in both immature DC and mature DC and designated "estimated" if detected in only one condi-tion. Table S3 : mRNA expression changes after DC maturation. Detailed list of RNA expression ratio's. Table S4 : Combined protein and mRNA expression changes after DC maturation. Detailed combined list of RNA and protein data mapped into common entrez IDs. 31 a list of 20 well-known DC maturation markers was extracted. Table S8 : Enrichement of DC maturation markers in dominant pathways. A set of 20 Dc maturation markers extracted from Whiteside et al. 31 was by Fischer exact test found significantly enriched in pathways representing dominant DC processes. * affected pathways are those affected by RNA and protein alone or by both (the pathways highlighted in Table 1 ). Figure S1 : The high correlation of pathway components is higher than can be expected as a result of chance. Figure S2 : Visual mapping of protein and RNA expression data onto the Kegg "Toll like receptor signaling" pathway. This material is available free of charge via the Internet at http://pubs.acs.org.
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